The unknown two-dimensional obstacles, including different shapes, numbers, locations, and in the vicinity of the planning path for an outdoor quadrotor, are on-line detected by a 360-degree Li-Dar Sweep Scanse. Based on the comparison among detected triangles containing extreme points of each obstacle, the central orientation of the triangle with the maximum detected distance and the angle larger than the specific threshold is assigned to fly a specific distance for obstacle avoidance. Nevertheless, the quadrotor probably encounters a dead end and is then navigated to a specific altitude for the continuous procedure of obstacle detection. By on-line detection at different waypoints for the same obstacle, an obstacle mapping is also established by all the obstacle detections. Since the sensing signals of an outdoor quadrotor are easily affected by stochastic noise and the quadrotor is operated in ''x'' configuration, an extended Kalman filter based fuzzy tracking incremental control (EKF-FTIC) is employed to simultaneously execute the path tracking, obstacle avoidance, and target approach. Finally, the experiments with 5 unknown obstacles in the neighborhood of a planning path connecting start point with end point validate the effectiveness and feasibility of the proposed method.
I. INTRODUCTION
Recently, there has been increasing interest in quadrotor unmanned aerial vehicles (QUAVs) with autonomous navigation capabilities so that they can rapidly and safely fly through complex environments [1] - [15] . Given the environment perception and vehicle state estimation, the on-line path planner generates smooth and safe trajectories from a start point to a target point in the configuration space, while avoiding unexpected obstacles during the navigation. Nevertheless most of these papers are for the indoor quadrotor [1]- [7] ; some papers are only theoretical studies [8] , [9] , [14] , [15] . In contrast, the trajectory tracking control of an outdoor UAV is difficult since more sensors (e.g., GPS and inertial navigation system) are required and stochastic disturbances are often The associate editor coordinating the review of this manuscript and approving it for publication was Xiaojie Su. accompanied with these sensors. According to these measured signals, a description of the environment can be established and the path planning task in a configuration space is constructed. A path generation method without the building of post-processed maps bypasses the costly map building and maintenance and achieves the best adaptation for different environments. There are many studies about (on-line) obstacle detection and avoidance for robot [16] - [32] .
In this paper, the unknown obstacles include different shapes, numbers, and locations. They are in the neighbor of the planned path of an outdoor quadrotor and on-line detected by 360-degree Sweep Scanse [33] . Based on the comparison among detected triangles, the central orientation of the triangle with the maximum detected distance and the triangle angle larger than the thresholds is assigned to fly a specific distance, which is accomplished by fuzzy tracking incremental control (FTIC). On the contrary, the quadrotor VOLUME 7, 2019 This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see http://creativecommons.org/licenses/by/4.0/ is navigated to a specific altitude for the continuous procedure of obstacle detection. According to on-line detection, an obstacle mapping, including estimated size, location and number of obstacle, is also established by the detected information at different waypoints. After the on-line path planning to avoid these obstacles, an effective and robust tracking controller is also important to execute the obstacle avoidance and then obstacle detection. It is known that the mathematical models for different UAVs, which can be under-, fully-or over-actuated, are required. Furthermore, various quadrotors have ''x'' and ''+'' configurations, of which mathematical models are also different. Hence, it is more appropriate to use the proposed EKF-FTIC with only partial system knowledge (e.g., the system polarity satisfying the polarity of fuzzy rule table, the lower bound of system function, the relative upper bound of estimation output error and system functions) to deal with the path tracking with unknown obstacles for an outdoor quadrotor. Together with the suitable covariance matrices of the EKF ( [3] , [34] ) and the tuning mechanism of the FTIC (the coefficients of sliding surface, the scaling factors, and the fine tuning in the fuzzy table), the satisfactory control performance (without the risk of a larger change of the control input's amplitude, and the simultaneous path tracking and obstacle avoidance) are achieved [16] .
II. EXISTING WORK
The important features about obstacle detection, avoidance or mapping are addressed as follows [16] - [32] . In [16] , a simple solution using the ultrasonic sensor for obstacle detection and collision avoidance of unmanned aerial vehicles optimized for and evaluated with quadrotor is demonstrated. In [17] , the collision cone determined by stereo vision approach is adopted to avoid the collisions between the quadrotor and the detected obstacle. In [18] , a RGB-D vision is employed to on-line detect the obstacle using the depth image and the target object using the RGB image with SURF algorithm. In [19] , a null space-based controller for an indoor drone is adopted to ensure that the trajectory tracking and collision avoidance are achieved. The paper in [20] considers the motion in a given flying region with obstacles and takes into account the physical limitations of the vehicle. In [21] , a search-based trajectory planning algorithm exploits the quadrotor maneuverability to generate the sequences of motion primitives in cluttered environments such that a safe and optimal trajectory to its goal is quickly achieved. In [22] , a method for the multirobot trajectory planning in known and obstacle-rich environments is developed. In [23] , a virtual structure serves as a framework with which to plan and execute complex interleaved trajectories, and also gives a simple, intuitive interface for a single human operator to control an arbitrarily large aerial swarm in real time. In [24] , the trajectory generator presented navigates a vehicle in an unknown environment collision free while respecting the vehicle's physical limitations. In [25] , the online generation of optimal trajectories for target tracking with a quadrotor while satisfying a set of image-based and actuation constraints are developed. Due to the generalization ability of neural networks [26] , the resulting policy performs local collision avoidance, while following a global reference path. To plan trajectories in a limited time period, that are safe, collision free, and dynamically feasible, is achieved by [27] . In [28] , the maximum latency for the robot to guarantee safety is related to the desired speed, the range of its sensing pipeline, and the actuation limitations of the platform. A practical framework for constructing motion primitives from boundary state constraints, and then using them for online planning is achieved by [29] . In [30] , the method LSwarm efficiently avoids collisions with static obstacles, dynamic obstacles and other agents in three-dimensional urban environments while considering coverage constraints. In [31] , the collision avoidance task is accomplished by exploiting convex inner approximations of the obstacle-free region and an ad hoc constraints switching procedure. In [32] , two novel bioinspired approaches are proposed to extract information about small-field objects contained in planar optic flow. Nevertheless the above studies possess its own advantages, some drawbacks are discussed as follows. Due to poor localization accuracy [16] , a complex environment with dense obstacles isn't excellent. The complex schemes in [17] , [18] make them difficult for an on-line experimental validation. The studies [19] , [21] - [23] , [26] , [27] , [29] , [31] need the information of obstacles. Only the simulations are presented in the studies [20] , [24] , [30] . The studies [19] , [26] , [29] , [31] , [32] are only for the indoor quadrotor. In [19] , [26] , [29] , [31] , [32] , their online planning need a laptop and then transfer the processing result through the wireless module. It is unpractical. Most of the studies [16] - [36] don't discuss the on-line obstacle detection, avoidance, and mapping.
As compared with previous fuzzy (adaptive control), the proposed control is more suitable for the path tracking control of outdoor quadrotor. The reasons are as follows. On-line adaptive control is appropriate for the nonlinear time-varying uncertainties [9] , [15] , [37] - [38] . Nonetheless, it needs more computation time to cope with them; hence, it isn't practical to integrate into the overall system with other requirements (e.g., obstacle detection, avoidance and mapping) or with low-end microprocessor [37] . Furthermore, most of the fuzzy logic (adaptive) controls need more the system knowledge to obtain the input and output data for fuzzy inference system and then control [38] . It is often a burden for obtaining an effective path tracking control for the partially known quadrotor systems. Although single-input FLC reduces the number of fuzzy rule, the robust performance isn't excellent as the system is in the face of stochastic or huge disturbance [39] .
The main contributions of the paper are described as follows: (i) The unknown obstacles, including different shapes, numbers, locations, and in the neighborhood of planned path of an outdoor quadrotor, are on-line detected by 360-degree Sweep Scanse (Table 1 ). (ii) A new on-line obstacle avoidance with the simultaneous target approach is accomplished by the proposed EKF-FTIC using only partially known dynamics of quadrotor ( Table 2 ). It is simple and effective since only the orientation at every waypoint is required. (iii) After reaching the target point, the corresponding mapping for the obstacles in the environment is also achieved and compared with the true obstacles (Table 3 ).
III. EXPERIMENTAL SETUP AND TASK DESCRIPTION A. EXPERIMENTAL SETUP
The proposed quadrotor is shown in Fig. 1 , which is with the size of L × W × H of 55×55×45 cm and the weight of 3 kg. For the satisfactory transmission of wireless signal, the antenna of the GPS is localized at the top of the quadrotor. The 360-degree Sweep Scanse for the obstacle detection is also installed on the top of quadrotor (cf. Fig. 1(a) ). Four brushless motors with 15-inch propeller are respectively at the ends of the cross-bar mechanism; four electronic speed controllers are in the middle of each cross-bar. The control core of the quadrotor is the single board computer Pixhawk with multiple interfaces (USB, UART, A/D, TTL, PWM, GPIO, I 2 C, SPI and CAN). It also provides the software for the communication with ground station and for the self-defined functions. The model number of the GPS is UBLOX-M8N, with electronic compass HMC5883L. The Li-Dar-Lite laser meter from Pulsedlight3d Co. improves the altitude measurement. To deal with the signal processing of the obstacle detection, avoidance and mapping, a Raspberry pi processor is adopted. For the communication between the quadrotor and the ground station, the wireless module of 3DR Radio, with the frequency 915 MHz, the effective distance 750m, Micro-USB connection port, the UART interface, and the maximum output power 100 mW, is adopted. Moreover, the operator can use the wireless module for the remote communication (e.g., the upload of control program and the download of flight data).
B. TASK DESCRIPTION
The designed quadrotor is the ''x'' configuration, different from some previous studies [4] , [11] , [29] , [33] , [34] with ''+'' configuration, so that a mathematical model is difficult or complex to derive. Hence, a model-free fuzzy control is more suitable. In this situation, the following nonlinear unknown dynamics of the quadrotor with incremental control is considered.
is nonlinear time-varying system uncertainty, and C ∈ 4×4 denotes a control gain. The system matrices A(Y ), B(Y ,Ẏ , t), and C are supposed to be partially known. The incremental input in (2) is to design an incremental fuzzy control to maintain the system output on the planning path without the risk of a larger amplitude change of the control input.
The tracking error is firstly defined as follows:
where Y d (t) is the on-line planning path based on the obstacle avoidance and target approach, Y f (t) is the estimated output from the extended Kalman filter (EKF). The system outputs of the quadrotor are assigned as its attitude (θ, φ, ψ) and altitude z. For the EKF-FTIC, the following sliding surface is defined.
are the diagonal matrices and chosen such that the sliding surface is stable, i.e., e x ∈ 4 D v x + D p = 0 < 0. Moreover, they can shape the frequency response of the closed-loop system. Then on-line obstacle detection, avoidance and mapping are designed. In this way, the tracking experiments of an outdoor quadrotor with unknown obstacles in the neighborhood of planned path are accomplished.
IV. ON-LINE OBSTACLE DETECTION, AVOIDANCE AND MAPPING A. ON-INE OBSTACLE DETECTION
At the outset, the flow chart for this subsection is depicted in Fig. 2 . The obstacles are detected by 360-degree Li-Dar Sweep Scanse. It is known that the obstacles can be detected by ultrasonic sensor [16] , RGB-D or a stereo vision system [17] , [18] , [25] , [28] , a Sweep Scanner [33] . Each approach contains its strongest feature and weakness. Although the localization error of the vision system is smallest, it is easily affected by lighting condition (especially at the outdoor environment); in addition, it needs more processing time. Although the localization error of the Sweep Scanner is not the best, it satisfies the requirements of the obstacle detection. Moreover, the computation time is generally smaller than that of the vision system. Hence, a low-end processor is suitable for signal processing. Although the cost of an ultrasonic sensor is cheapest, its localization error is poorest such that it does not satisfy the requirement of obstacle detection. Usually, many ultrasonic sensors are used at different orientations of a quadrotor to detect the surrounding obstacles.
In contrast, only one Sweep Scanse can obtain the pose and signal strengths of the corresponding obstacle (e.g., building, tree, balloon, artificial objects) such that the more accurate information of obstacles is achieved.
According to the size (55×55×45 cm) and the average flight velocity (0.4m/s) of the proposed quadrotor, and the total processing time (1.031s), which includes one second between two continuous detecting points and 31 ms for the processing of obstacle detection, a suitable distance for the obstacle detection and avoidance is assigned as r s = 5m. The corresponding algorithms for sensing the detected points in different coordinates and grouping these detected points are described in Table 1 .
B. ON-LINE OBSTACLE AVOIDANCE
To begin with, the start and end points are assigned. Since the obstacles are unknown with different shapes, numbers, and locations, the scenario for the environment in Fig. 3 is explained as follows. The waypoint A is the start point for the execution of obstacle detection by the Li-Dar Sweep Scanse. It implies that the distance between the quadrotor and nearest obstacle (i.e., AO 1n ) is smaller than the threshold distance (e.g., 5m), which is dependent on the flight velocity, the dimension of quadrotor, and the total processing time including the computation of path planning and control algorithms. In this situation, the detected triangles respectively including the O 1 (obstacle 1) and O 2 are obtained by green dashed lines (i.e., AO 1l O 1r and AO 2l O 2r ). Another triangle between O 1 and O 2 (i.e., AO 1r O 2l ) is also detected; the detected distance in this triangle is larger than those of the other two nearer distances (i.e., AO 1n and AO 2n ) and also larger than a specific distance. Then the quadrotor is commanded to fly along the central orientation of the triangle AO 1r O 2l to a specific distance (i.e., waypoint B). Certainly, the flight distance between the waypoint A and the waypoint B should be smaller than the difference between the maximum detected distance of one triangle and the minimum value of the other triangle (e.g., AB < AO 2l − AO 1n ).
Afterward the quadrotor continues detecting the obstacle and then determines the suitable triangle to fly to waypoint C. Generally, the quadrotor only pays more attention to a front side with 180 degrees to execute the obstacle avoidance. If the detected distances for all the triangles before the quadrotor are smaller than the specific distance (implying it is possible a dead end), then a quadrotor is commanded to vertically fly to a specific altitude (e.g., 2m as compared with the previous altitude). Then the procedure of obstacle detection is proceeded to find a possible path to avoid these obstacles. If the quadrotor is still in a dead end, it continues vertically flying another 2m for the continuing obstacle detection. During the obstacle avoidance, the corresponding localization of the quadrotor is still achieved by the EKF based sensor fusion to navigate the quadrotor to the target (or end) point. The corresponding algorithm is described in Table 2 . Even with the occurrence of quadrotor's localization error, it is still effective to avoid the corresponding obstacle since only the relative distance between the obstacle and the quadrotor is required.
C. ON-LINE OBSTACLE MAPPING
The detected three-point sets A, B, . . . , H ) are employed to depict a rectangle to enclose the corresponding obstacle along the planning path (e.g., Fig. 3 ). In terms of some detected angles for the specific shape of obstacle, these three-point sets are probably collinear. Hence, two sets of O j ir , O j in , O j il from two consecutive waypoints are applied to obtain the rectangle enclosing these two three-point sets. To ensure the enclosure, each side of predictive rectangle will be 20∼30% larger than that of the original approximation (cf. Fig. 4 ). In Fig 4(a) , two rectangular obstacles are firstly analyzed to obtain these two rectangles in dashed-line enclosing the corresponding obstacle. Similarly, if the orientations of these two obstacles are different as shown in Fig. 4(b) , it verifies that only one waypoint for the obstacle O 1 cannot achieve the enclosed rectangle since O A 1r , O A 1n and O A 1l (where the superscript is related to waypoint) are collinear. In sequence, the circular and triangular shapes in Fig. 4(c) are considered. The closure of the triangular shape can be non-unique rectangle as shown in black and red dashed-line rectangles. In contrast, the whole circle is difficult to be completely enclosed. Fortunately, the un-closed part is on the back side of the motion path such that the mapping of the obstacle for avoidance is still acceptable (see Fig. 4 ). The corresponding algorithm is described in Table 3 . In general, the number of waypoints for obstacle estimation is over 2.
V. EKF BASED FUZZY TRACKING INCREMENTAL CONTROL
A. MATHEMATICAL MODELING OF THE SENSORS The inertial navigation system (INS) includes an accelerometer, a gyroscope, a magnetometer, and a laser meter. The nomenclatures for the GPS/INS fusion are shown in Table 4 . The mathematical model for these sensors is descried as [34] :
where w(t) and υ(t) are respectively the noise vectors of state and output, 
Finally, the quaternion for rotation description R wb (q) is as follows:
where
Here c θ = cos(θ), s θ = sin(θ). Comparing (14) and (15) 
Since (16) doesn't require the trigonometric calculation as compared with (15), the quaternion-based description of rotation is more suitable for the single board computer in the quadrotor.
B. EXTENDED KALMAN FILTER
In the absence of u s (t), the linearized equation of (5) can be derived as (17) and (18) at operating points
where δx(t), δw(t) and δy(t) denote the variations, is derived:
where HOT denotes the differential terms greater than and equal to the 2 nd order,
The subscript n denotes the n-th sampling time of sensor system. In addition, the estimated statex n|n−1 is obtained by the EKF (21)- (26) . The discretetime equations for (17) and (18) are as x n+1 = n+1,nxn + nwn ,ȳ n = H nxn + υ n (19) wherex n+1 is the state vector of the (n+1)-th step for the (19) , n+1,n is the transition matrix from the n-th step to the (n+1)-th step, n+1,n ∼ = I + F n t s , t s is the predicted period, n ∼ = G n t s is the input matrix, H n is the linear measurement matrix,w n is the discrete-time system noise, and υ n is the measurement noise vector. The nonlinear discrete-time system output is as follows:
where y n is the measurement vector and x n is the state vector (17) at n-th step. Then the Kalman gain is given as follows:
where the subscript n| n − 1 denotes the signal at the n-th step achieved from the previous signals of the (n-1), (n-2), . . . , and 1 steps, and R υ is the covariance matrix of measurement noise. The updating equations are as follows:
x n|n =x n|n−1 + K n y n − h(x n|n−1 ) The new projections are as follows:
P n+1|n = n+1,n P n|n T n+1,n + n R w T n (25) where R w is the covariance matrix of system noise,
The estimated signals are achieved from (15) , (16) and (26): 
The estimated signals in (26) and (27) are used for the FTIC in the next subsection.
VI. FUZZY TRACKING INCREMENTAL CONTROL
At the very inceptive, the block diagram of the overalls system is depicted in Fig. 5 . Some important symbols in Fig. 5 are explained to highlight the feature of this paper. 
Then the fuzzy logic subsystem i for the FTIC performs a mapping from Z i ⊂ 2 to . There are l fuzzy control rules and the upper script κ denotes the κ-th fuzzy rule:
where α i (t) = [σ i (t)σ i (t)] T ∈ Z i ⊂ 2 , i = 1, 2, · · · , 4, withσ i (t) = g σ ii σ i (t),σ i (t) = gσ iiσi (t), and ξ i (t) ∈ V i ⊂ are the inputs and output of the fuzzy logic subsystem i,
are the labels of sets in Z i and V i , respectively. The parameters g σ ii and gσ ii are chosen such thatσ
The fuzzy inference engine performs a mapping from fuzzy sets in Z i ⊂ 2 to fuzzy sets in V i ⊂ . This mapping is based on the fuzzy IF-THEN rules in the fuzzy rule base and the compositional rule of inference. The fuzzifier maps a crisp point α i (t) into an arbitrary fuzzy set A α i in Z i . Based on the center and shape membership functions, the fired fuzzy inference rules are aggregated to be a fuzzy set in V i . Then the center-average defuzzifier maps this fuzzy set to a crisp point in V i . Based on the fuzzy control rule (28) , the FTIC is designed as shown in Table 5 . The features of the FTIC are discussed as follows. (i) The numbers of the membership functions of theσ i (t) andσ i (t) are not accurately assigned but they are divided from Negative Enormous (NE), . . . , Negative Medium (NM), . . ., Zero (ZE), . . . Positive Medium (PM), . . ., to Positive Enormous (PE), which are respectively represented around −1, . . ., −0.5, . . . , 0, . . . , 0.5, . . . 1. (ii) After the determined number of membership functions, the central location of each membership functions can be evenly distributed between −1 and +1 or assigned by the available system input/output data by K-means cluttering. (iii) The number of the fired fuzzy rule (i.e., k in ξ ik ) is determined by the shape and center of membership functions. For instance, the number of fired fuzzy rule at different value ofσ i (t) orσ i (t) is 2 or 3 for each premise variable. Hence, the total fired number for a specificσ i (t) andσ i (t) is between 4 and 9. These fired fuzzy rules are aggregated and defuzzified to achieve the crisp incremental control ξ i (t). Finally, the control input for the ith subsystem is equal to the crisp incremental input multiplied by an output scaling factor g ξ ii , i.e., ξ i (t) = g ξ ii ξ i (t). (iv) More membership functions are chosen, more continuous output is achieved. Nevertheless, the computation time and programming complexity will increase. Since only two premise variables are designed for the proposed control, the complexity of computation and programming will not be too much. (v) Triangular membership functions are selected except for those at the negative (positive) enormous premise variables that will be one value in the left (right) half triangular membership function, so that the values of membership functions asσ i (t) > 1 orσ i (t) > 1 orσ i (t) < −1 oṙ σ i (t) < −1 are the same as that ofσ i (t) = 1 orσ i (t) = 1 orσ ii (t) = −1 orσ ii (t) = −1, respectively. (vi) Generally, the positive and negative values ofσ i (t) andσ i (t) possess the same number of membership functions. It implies that the Table 5 becomes square, that upper and lower triangles possess the same number but different polarity of ξ i (t).(vii) In the upper triangle (i.e.,σ i (t) > 0, whereσ i (t) =σ i (t) + λ ii σ i (t), λ ii > 0), the decreasing of ξ i (t) (e.g., PE → PM or PE → ZE; i.e.,σ i (t) < 0) makes the operating point approach toσ i (t) = 0. After reachingσ i (t) = 0, σ (t) → 0 as t → ∞. (viii) Similarly, in the lower triangle, the increasing ξ i (t) with the consideration of negative sign (e.g., NE → NM or NM → ZE; i.e.,σ i (t) > 0) makes the operating point approach toσ i (t) = 0. (ix) The designed fuzzy rule in Table 5 makesσ i (t)σ i (t) < 0, i = 1, 2, · · · , 4 irrespective of the controlled system and the input and output data pairs. Only the polarity of the controlled system satisfies the polarity of Table 5 , i.e., the upper triangle is positive.
Then, the incremental control in Table 5 is as follows:
is the output scaling factor for the crisp control input, and (t) = diag {δ ii (t)} ∈ 4×4 is the normalized distance (i.e., 0 < δ ii (t) ≤ 1, i = 1, 2, · · · , 4) of the dynamical sliding surface defined as follows (see part (vi) in the features of the FTIC):
where˜ T (t) = [σ 1σ2 · · ·σ n ], T (t) = [ σ 1 σ 2 · · · σ n ], (t) = diag{λ ii } > 0, i = 1, 2, . . . , 4. Moreover, δ ii (t) = σ i (t) + λ iiσi (t) / 1 + λ 2 ii , i = 1, 2, · · · , 4. (32) Then, the uncertainties caused by the dynamics in (1) and the estimated error from EKF are as follows:
Based on the analysis of (33) by (29)-(32) and the bounded estimation error of the EKF, the uncertainties can be relatively upper bounded by the following inequalities:
where T (t) i is its i-th component, η i , i = 1, 2, · · · , 4 are bounded and positive constants. For the closed-loop system's stability, the output scaling factors satisfy the inequalities:
where ε 0 > 0. It reveals that the output scaling factors are proportional to η i and 1/g σ ii . Properties of the EKF-FTIC are addressed by the following theorem.
Theorem 1: Applying the EKF-FTIC (26), (27) , (29)-(32) to the system (1)-(2) with the uncertainties (33) satisfying the inequality (34) and the output scaling factors satisfying the inequality (35) , the operating point exponentially converges to the sliding surface (4), satisfying the convex set D :
where (t) ≤ σ s is the set for non-satisfying (35) . Then
where ρ 1 and ρ 2 are positive and bounded constants connected with the dynamics of sliding surface (4), as t ≥ t 0 , then E(t) → 0 as t → ∞.
Proof: See [40] for a similar proof. Remark 1: Besides the five control parameters, the values of fuzzy rule table are similar with time-varying switching gain [41] such that suitable tune of fuzzy table can further improve the system performance. 
VII. EXPERIMENTS
In addition, the path planning based on a desired velocity is transfer to the following desired attitude. It is first assumed that one 2D path p d xy,N ∈ 2 × N , where N is the number of intermitted points, is known in advance, that v d xy,n is the desired velocity for the segment p d xy,n between intermitted point n and point (n+1), and that u at and u ct are respectively the accelerations of the pitch and roll directions. Define the following 2D position error:
Based on the position error, the desired velocity is set as follows:
v d xy,n = K pp e p (t) + K pi t 0 e p (τ )dτ + K pdėp (t). (39) Define the following velocity error:
Similarly, the acceleration through proportional-integral feature is as follows: The scaling factors and the fuzzy table for the FTIC are shown in Table 6 and 7, respectively. Fig. 7(a) shows the NED motion response of the quadrotor; in contrast, its NE motion's response is shown in Fig. 7(b) . Here the end point is the target point. (ii) The time histories of detecting the obstacle at different waypoints are integrated in Fig. 8(a) . The snapshots of detecting different numbers of obstacles are also shown in Fig. 9. ( iii) The groupings of the estimated obstacles in Fig. 8(a) are enclosed by 5 color rectangles. Simultaneously, the estimations for 5 obstacles and their mass centers are denoted as 5 black rectangles and red points, respectively. (iv) The corresponding obstacle mappings by an extra 0.5m to enclose the black rectangles in Fig. 8(b) are shown in Fig. 10(a) . To confirm the effectiveness of estimated obstacle, true location and size of obstacles are depicted in Fig. 10(b) . (v) From Fig. 10(b) , the better estimated accuracies of the obstacles are in the East direction (or the perpendicular direction of flight) as compared with the parallel direction of flight (North direction). The reasons can be explained as follows. (a) From Fig. 8 , the true flight range in the East direction is about 25% of that in the North direction. Hence, the estimated error in the East direction is about 25% of that in the North direction. Fig. 10(b) and Fig. 14(b) indicate the similar error. (b) The size of the obstacle in the East direction is larger than that in the North direction. (c) In addition, the size of the obstacle 1 is largest; hence, the corresponding estimation is best. (vi) In summary, the smaller a flight range of specific direction is, the more accurate absolute estimation of an obstacle is. The main reason is that the estimation error of obstacle using the consecutive waypoints in the larger flight range will be accumulated since the average localization error of outdoor quadrotor (e.g., 1.026m for the EKF based sensor fusion). Nevertheless, the relative localization error in a smaller direction will be poor. (vii) From Table 6 , the dynamics (eigenvalue) of 4 axes are obtained by −D −1 v D p = diag{−18/4, −18/4, −15/4, −10/7.5}. It indicates that the roll and pitch axes have the faster dynamics for the obstacle avoidance (cf. Fig. 12(a) , (b)); the dynamics of the altitude is the slowest (cf. Fig. 12(d) ). (viii) Since the quadrotor before 4s and after 68s are on the ground, slightly larger error occurs (cf. Fig. 11 ). (ix) Since the quadrotor is controlled at the height of 1m in Fig. 11(d) , the ground effect can reduce the required lift force, i.e., the about 1600 gf in Fig. 13(d) which is less than the quadrotor's weight of 3kg. (x) Based on Fig. 12 and Table 6 , the selections of g σ ii and g˙σ ii indeed make the responses of (σ i ,σ i ) belonging to [−1, 1]. (xi) The control inputs of the roll-axis and pitch-axis in Figs. 12(a) and (b) maintain in the neighborhood of zero degree. A bit negative value of the yaw-axis in Fig. 13(c) keeps the quadrotor in a leftward flying condition to avoid the obstacle and reach the end point. Finally, the control input of the altitude-axis nearly maintains a specific height. (xii) The same experiment of Fig. 7 case with different time duration has similar response as shown in Fig. 14, but they aren't exactly the same due to stochastic environment. The other experiments with different layouts or sizes of obstacles and different initial poses of quadrotor have similar responses. For simplicity, those are omitted.
VIII. CONCLUSION
Based on the comparison among the detected triangles of obstacles, the central orientation of the triangle with the maximum detected distance and the angle larger than the specific thresholds is set to fly a specific distance for obstacle avoidances. No obstacle information (e.g., shapes, numbers, and locations) is required. Since only the orientation at every waypoint is planned, the proposed obstacle avoidance and target approaching methods are simple. Moreover, the proposed EKF-FTIC possesses excess robustness to deal with stochastic noise, and effective property to cope with the dense obstacle avoidance. The obstacle mapping is also achieved by the obstacle detection at different waypoints. Generally, the smaller flight range in specific direction is, the more accurate absolute estimation of an obstacle is. The experiments, including 5 unknown obstacles with different shapes and locations in 2D environment, confirm the effectiveness of obstacle detection, avoidance and mapping.
In the future, the processing ability of the Li-Dar Sweep Scanse will be improved by a faster single board computer such that a faster flight velocity for the same tasks can be achieved. To deal with the obstacle in 3D, the 3D laser scanner is considered.
